Abstract-Many studies collect multiple outcomes to characterize treatment effectiveness or evaluate risk factors. These outcomes tend to be correlated because they are measuring related quantities in the same individuals, but the common approach used by researchers is to ignore this correlation and analyze each outcome separately. There may be advantages to consider the simultaneous analysis of the outcomes using multivariate methods. Although the joint analysis of outcomes measured in the same scale (commensurate outcomes) can be undertaken with standard statistical methods, outcomes measured in different scales (noncommensurate outcomes), such as mixed binary and continuous outcomes, present more difficult challenges. In this article, we contrast some statistical approaches to analyze noncommensurate multiple outcomes. We discuss the advantages of a multivariate method for the analysis of noncommensurate outcomes, including situations of missing data. A real data example from a clinical trial, comparing bare-metal with sirolimus-eluting stents, is used to illustrate the differences between the statistical approaches. (Circ Cardiovasc Qual Outcomes. 2011;4:650-656.)
C linical trials and observational studies involving multiple outcomes are common in cardiovascular research. Disease complexity is often not adequately characterized by a single outcome, and several aspects of the patient's response, either to a treatment or to a risk factor, must be considered.
The concept of multiple outcomes applies to repeated or longitudinal measurements of a specific variable, such as systolic blood pressure, and to measurements of different variables in the same individual, such as target lesion revascularization, binary restenosis, and diameter stenosis after coronary stenting. Statistical methods for repeated measures and longitudinal data comprising multiple observations of a single variable are well established, and there is vast literature addressing both theoretical and applied aspects of the method. Recently, 2 articles 1,2 published in the Statistical Primer for Cardiovascular Research series have focused on methods for the analysis of such data. In this article, we will focus on the setting where different response variables are measured in the same individual and the term multiple outcomes will be used in this context.
Background
One of two statistical strategies is usually adopted for the analysis of multiple outcomes. Either the outcomes are combined into a single composite end point using a variety of pooling rules and scoring algorithms or, alternatively, the outcomes are analyzed separately using univariate statistical tools for each outcome.
Several types of composite end points exist, such as taking a simple average of the outcomes or using conjunctive or compensatory rules. 3, 4 An example of the latter commonly used in cardiovascular research is the major adverse cardiac event end point. The major adverse cardiac event is defined as the occurrence of 1 of the following clinical events: all-cause mortality, nonfatal myocardial infarction, target lesion revascularization, or target vessel revascularization. The pooling strategy has the disadvantage of reducing the information collected and potentially attenuating important features of the data. For example, 2 interventions may present no differences in the composite end point major adverse cardiac event, but they can have different mortality rates that would be masked by grouping the outcomes. Another major drawback of pooling multiple measurements is that it fails when the outcomes are of different natures or are measured on different scales (ie, noncommensurate outcomes). For example, combining a binary outcome (eg, the presence of a symptom) and a continuous outcome (eg, a well-being score) would require dichotomization of the continuous outcomes and a consequent waste of information. Finally, any missing observations in 1 of the outcomes may reduce the sample size if a complete case analysis is adopted or even produce biased estimates if the missing mechanism is dependent on the other outcomes. 5 Analyzing each end point separately does not require the outcomes to be measured on the same scale because each outcome is treated independently of the others. Although the simplicity of such an approach is appealing, the correlation between the outcomes is effectively ignored. This could result in a loss of efficiency in the analysis, leading to lower power to detect treatment effects (or the effect of other covariates of interest) and larger CIs for the estimates. Also, if some outcomes are missing, separate analyses may produce biased estimates of the covariate effects on the outcomes. 5 Finally, when several outcomes are clinically related, one might want to combine all the evidence of treatment effect into a single global test of significance. This test would provide an overall statement to declare whether there are any differences between the treatments before proceeding to the individual tests for each outcome 6, 7 ; however, separate analyses do not provide such a global test. Furthermore, testing of the treatment effect for each outcome will increase the probability of a significant result by chance (type I error), which usually requires adjusting the significance level for multiple testing. 8 An alternative strategy, for the analysis of multiple outcomes using multivariate methods, can also be considered. These methods present, at least from a conceptual point of view, the appropriate and natural statistical framework for this type of problem and may overcome some of the problems previously described. However, multivariate approaches have been rarely used in observational studies or clinical trials, with the exception of repeated-measures or longitudinal studies in which multivariate methods, such as mixed models and generalized estimating equations, are commonly used. 1, 2 In this tutorial, we present a multivariate method that simultaneously analyzes all outcomes by accounting for their correlations, while allowing mixtures of different types of outcomes (eg, binary and continuous outcomes). Other approaches have been proposed to analyze noncommensurate outcomes in a multivariate framework, with some limitations regarding the settings where they can be applied. 9, 10 In section 2, we introduce a real-data example that will be used throughout the article. In section 3, we present the multivariate model and contrast the findings using individual analysis of the outcomes with those using multivariate methods; in section 4, we provide the software code to fit the multivariate model. We conclude in section 5 with some general recommendations.
Restenosis After Coronary Stenting Using
Bare-Metal and Sirolimus-Eluting Stents Data used in this tutorial arise from the Sirolimus-Eluting Stent in De-Novo Native Coronary Lesions (SIRIUS) trial, which compared bare-metal with sirolimus-eluting stents. 11, 12 We are interested in estimating the treatment effect and identifying the baseline risk factors predictive of poor outcome after the stenting procedure.
Patients at risk for coronary restenosis were randomized to standard bare-metal or sirolimus-eluting stenting. Several baseline characteristics were recorded, but in this example, we will limit the analysis to patient's age, clinical history (diabetes and prior myocardial infarction), and angiographic prestenting characteristics (length of lesion, reference vessel diameter, minimum lumen diameter, and diameter stenosis). In addition, the covariate group identifies the enrollment arm (bare-metal or sirolimus-eluting stent) of each patient.
Three outcome variables, 1 measured 1 year after stenting and 2 measured at 9 months after stenting, are considered for this example:
1. Any clinically driven repeat percutaneous intervention, denoted as target lesion revascularization (TLR), during the first year after stenting. A clinical events committee that had access to clinical and angiographic laboratory data designated the TLR. This is a binary outcome, and it was observed in all patients. 2. Binary restenosis (BR) was defined as 50% diameter stenosis at 9 months after stenting. The percentage of diameter stenosis was computed as follows: 1-(minimum lumen diameter/reference vessel diameter). Binary restenosis is a binary outcome, and it was only assessed in a subgroup of patients who had follow-up angiography planned according to study protocol. 3. Late lumen loss (LL) is the difference between the diameters of the stented segmented right after the stenting procedure and the follow-up angiogram at 9 months. This is a continuous outcome measured in the subgroup of patients who had follow-up angiography planned according to study protocol.
A total of 1052 patients were enrolled in the trial. Twentysix observations (2.5%) were excluded from this analysis because of missing values in some of the covariates, leaving 1026 patients to be analyzed. In addition, according to the trial protocol, only the first 850 patients enrolled in the trial were chosen for angiographic follow-up at 9 months. For several reasons, the angiographic follow-up was performed in only 699 of these patients. Although the initial choice of patients for follow-up should not represent a source of selection bias, the same may not be true for the actual observed data, for which 151 patients failed to complete the follow-up protocol. Therefore, there are no guarantees that the 699 patients with follow-up represent an unbiased sample of the patients enrolled in the trial. In summary, TLR was assessed for 1026 patients, but BR and LL were available in only 699 patients.
Another important characteristic of these data is the strong correlation observed between the outcomes. The correlation between TLR and BR is 0.70; TLR and LL, 0.60; and BR and LL, 0.72. Table 1 provides some general description of the variables used in the example for each arm of the trial.
This analysis does not intend to be a thorough analysis of the SIRIUS data; instead, it intends to be a didactic example of application of the joint modeling approach to multiple noncommensurate outcomes.
Statistical Methods

Separate Analyses of Each Outcome
As previously discussed, 1 common statistical approach to studies with multiple outcomes is to analyze each outcome separately by modeling each outcome as a function of the covariates of interest. The regression models depend on the type of the outcome that is being modeled. For example, for continuous outcomes, a linear regression model is typically assumed, whereas for binary outcomes, logistic or probit regression models are common choices. Some modelbuilding strategy may be used to select the covariates that are associated with each outcome, such as stepwise selection.
For TLR and BR, both binary outcomes, we use a logistic regression to estimate the crude and adjusted odds ratio (OR) of the covariates. For the continuous outcome, LL, we choose a linear model. For each regression, we used backward stepwise selection to select the covariates significantly associated with the outcomes. Results for each outcome are presented in Tables 2, 3 , and 4. Patients in the bare-metal stent group, with a clinical history of diabetes and with a longer lesion, had a significantly higher risk of TLR (ORs, 5.23, 1.73, and 1.04, respectively). Patients with a larger minimum lumen diameter and larger-diameter stenosis before stent deployment had a lower risk of TLR (ORs, 0.15 and 0.95, respectively). Age, history of myocardial infarction, and reference vessel diameter were not statistically associated with TLR after adjustment for the previously described covariates and were not included in the model. Similar results were found for binary restenosis, with the bare-metal group showing a higher risk of restenosis (OR, 18.16), as well as patients with a clinical history of diabetes (OR, 1.73) and patients with a longer length of lesion (OR, 1.05). A larger diameter of the reference vessel before stent deployment was protective of binary restenosis (OR, 0.57; Table 4 ).
Finally, the group receiving the bare-metal stents presented a higher late luminal reduction, on average, when compared with the sirolimus-eluting group (0.57 mm of adjusted difference in the means of the 2 groups). Also, patients with a clinical history of diabetes and a previous episode of myocardial infarction had higher loss in the lumen at 9 months after stenting. Age and minimum lumen diameter were negatively associated with LL (Table 5 ).
Multivariate Approach Using a Latent Variable
Rather than modeling each outcome separately, a multivariate approach that models the 3 outcomes in a similar way as the separate models discussed in section 3.1 but that also accounts for the correlation between the outcomes should be considered. Why would an investigator want to adopt this analytic strategy? When the study outcomes have no missing values (or they are missing completely at random), analyzing each outcome separately will provide unbiased estimates for the treatment effects, even if the outcomes are correlated. In this case, the separate models for each outcome will give correct effect estimates of the covariates but some may have larger SEs than if the correlations among outcomes were considered. 13 One exception to this last point is the situation of multivariate linear regression, when all the outcomes are modeled using the same set of covariates, with complete observations for all subjects. In this case, the correlation between the outcomes does not improve the precision of the estimates, and the results of the multivariate model are the same as fitting individual linear regressions. 13 However, this is not the case when some of the outcomes are not continuous and we have to use a nonlinear model, such as the logistic model. 14 In any case, with sufficiently large sample sizes, investigators may not be concerned, so that the tradeoff between simplicity of the analysis procedure and larger errors might favor the simple one-outcome-at-a-time approach.
However, what happens in the more common case when data are missing in some of the outcomes? In the SIRIUS data, not all the patients underwent angiography at 9 months. Therefore, the binary restenosis and late luminal loss were not accessed for these patients. In addition, there were twice as many patients with no angiographic measures at 9 months in the group of patients with no TLR than in the group with TLR (36% versus 18% for a total of 897 and 129 in each group, respectively; table 2). This unbalance of missing data suggests that the effects computed in the individual analysis of each outcome may be estimated with bias. By modeling all the outcomes jointly, we may be able to correct for this bias through the correlation between the outcomes obtained from the complete cases, in which all the outcomes are observed. 5 There are several other alternatives to deal with missing data, such as the use of propensity scores or imputation methods (a recent review of such approaches was published in a series of statistical interpretation of methods 15 ).
When the outcomes are measured in the same scale (commensurate outcomes), there are some modeling options What can be used instead? The main trick is to include a common unobserved (or latent) variable for all the regression equations or, using the mixed-models terminology, a random intercept common to all the outcomes. This latent variable establishes the link between the regression equations: the outcomes are measured on the same individuals so the latent variable induces the needed correlations among the outcomes.
We assume the latent variable completely specifies the correlation among the outcomes (ie, given the latent variable, the outcomes are assumed to be independent). This permits examination of the outcomes as independent of each other by accounting for the correlation through the latent variable. 5, 14 The latent variable is assumed to have a normal distribution with mean 0 and some variance, and it has to be scaled (multiplied by a value that has to be estimated) for each outcome to accommodate the different nature of the outcomes. One restriction regarding the correlation is that the outcomes have to be positively correlated. If some of the correlations are negative, they can easily be changed to positive by inverting the outcome scale or, in the case of binary outcomes, by reversing the coding of the 2 categories. Also, if the number of outcomes being analyzed simultaneously is Ͼ3, this approach assumes some structure in the (Table 3 ) and late LL (Table 5) .
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Analysis of Noncommensurate Multiple Outcomescorrelation between the outcomes. However, in our experience, this structure is flexible enough to accommodate most practical situations in which the number of outcomes is not large. In the SIRIUS data example, the multivariate model using a latent variable becomes logit(P(TLRϭ1͉u))ϭa 1 ϩb 1 groupϩ···ϩu logit(P(BRϭ1͉u))ϭa 2 ϩb 2 groupϩ···ϩ 2 u LL͉uϭa 3 ϩb 3 groupϩ···ϩ 3 uϩ, where ϳ N(0, LL 2 ).
The notation "͉u" indicates that the models are conditional on the latent variable, u, which is inducing the correlation between the 3 outcomes. The coefficients 2 and 3 represent the scaling factor for each outcome. The scale factor for 1 of the outcomes (in this case, for TLR) can be fixed to be 1, meaning that the latent variable u will be in the appropriate scale for this outcome and has to be scaled for the other outcomes.
For the joint analysis, we used the same covariates selected in the separate analysis to facilitate the comparison of the methods. However, a characteristic that has not been fully exploited in the statistical literature is the potential benefit of selecting the covariates, usually referred to as model building, by considering all the outcomes at the same time.
Another advantage of the multivariate approach is the possibility of testing for a global treatment effect on the outcomes (ie, testing if the treatment has an effect on any of the outcomes), as suggested for trials with multiple outcomes. 6 For example, in the SIRIUS trial, we might be interested in answering the following question: "Is there a difference between the 2 types of stents in any of the outcomes (TLR or BR or LL)?" In statistical notation, this would mean to test the null hypothesis H 0 :b 1 ϭb 2 ϭb 3 ϭ0. In this case, the global test is highly significant (PϽ0.001), indicating that the 2 types of stents have a different effect on, at least, 1 of the outcomes. This test is usually more powerful than individual tests for a treatment effect on each outcome. Also, multiple individual testing carries the problem of inflating the type I error, which typically requires some adjustment to the significance level, such as the Bonferroni correction. 8 
Interpretation of the Regression Parameters
The regression equations used in the latent variable approach are conditional on the latent variable. For this reason, the regression parameters in the latent variable model also have to be interpreted somewhat differently than when fitting separate models. However, investigators are most interested on the unconditional effects, similar to the usual interpretation in regression models. For the continuous outcomes, the regression parameters can be interpreted in the same manner as those from a separate analyses approach. For the binary outcomes, this is not the case; in particular, for the logistic model, we can only approximate the unconditional effects. A similar situation has been largely debated in the literature of mixed models under the topic of population-average and subject-specific effects. 18 To compute the effects that are approximately comparable to those obtained from a separate analysis, the regression coefficients are divided by the square root of 1ϩ(0.346 times the variance of the latent variable) and the SEs are computed accordingly. The justification for this transformation is based on the approximation between the logistic and the probit function, and it is beyond this tutorial; however, interested readers should consult Hu et al 18 for more on this topic.
In Tables 2 and 3 , the coefficients for the multivariate model are already transformed and can be compared with the results obtained by modeling each outcome independently. Some of the estimated effects are different in the approach in which the 3 outcomes are modeled individually and the approach that accounts for the correlation between them and models the outcomes jointly. For example, for the need of TLR, the estimated OR for metal versus sirolimus-eluting stents was 5.23 in the separate modeling approach and 3.54 in the multivariate approach. One possible explanation for this difference is that the separate analysis ignores the unbalanced proportion of missing data, whereas the multivariate approach will consider it ( Table 2) .
In Tables 2 through 4 , several SEs associated with the ORs decreased when the outcomes were modeled jointly. This can be explained by the extra information contained in the correlation between the outcomes that is effectively ignored in the individual analysis of the TLR, BR, and LL. Some P values increased in the joint analysis, which may seem to be in contradiction with the reduction of the SEs. However, the decrease in the significance of some covariates coincides with effects that were smaller in the joint analysis. Despite the higher precision (lower SEs), smaller effects may lead to larger P values. As previously mentioned, the pattern of missing data may be responsible for the differences in the estimated effects obtained from the separate and joint analysis. In any case, when the estimated effect is identical in both methods, the P value typically decreases for the joint model. For example, the diameter stenosis is significantly associated with BR (OR, 0.95), but the P value of the joint model is smaller than of the separate analysis (PϽ0.001 and Pϭ0.006, respectively; Table 3 ).
Software
In this section, we present the software code to fit the multivariate model with the latent variable. We chose the package SAS because the procedure Proc NLMIXED available in the software has the flexibility of allowing the specification of the likelihood associated with the model.
It is necessary to specify initial values for the model. In our experience, the successful convergence of the algorithm is sensitive to this choice. One option is to use the estimates obtained by fitting separate models to each outcome as starting values and to try different values for the variances components (sigma3, sigma_latent, scale2, scale3). It might also be necessary to tune-up the options QPOINTS and GCONV of Proc NLMIXED. For more details on this, refer to the Proc NLMIXED manual. 19 By removing the latent variable from the likelihood (latentvar) and the corresponding scale parameters (scale2 and scale3), as well as the line referring to the distribution of the latent variable (random latentvar Ϸ normal (0, sigma_la-tent**2) subjectϭMID; *latent variable;), the result is equal to fitting separate regressions to each outcome. stdconstϭsqrt(1ϩ0.346*sigma_latent**2); *construction of the log-likelihood; part1ϭa1ϩb1*covariate1ϩc1*covariate2ϩlatentvar; part2ϭa2ϩb2*covariate1ϩc2*covariate2ϩscale2*latentvar; p1ϭexp(part1)/(1ϩexp(part1)) p2ϭexp(part2)/(1ϩexp(part2)) mean_y3ϭa3ϩb3*covariate1ϩc3*covariate2ϩscale3* latentvar; ll1ϭy1*log(p1)ϩ(1-y1)*log(1-p1); ll2ϭy2*log(p2)ϩ(1-y2)*log(1-p2); ll3ϭϪ.5*log(2*pi*sigma3**2)Ϫ.5*((y3-mean_y3)/ sigma3)**2; llϭll1ϩll2ϩll3; *log-likelihood for complete observations; if missing (y2) and missing (y3) then llϭll1; *log likelihood for observations with y1 only; if not missing (y2) and missing (y3) then llϭll1ϩll2; *log likelihood for observations with y1 and y2 only; if missing (y2) and not missing (y3) then llϭll1ϩll3; *log likelihood for observations with y1 and y3 only; model y1 ϳ general(ll); random latentvar ϳ normal(0, sigma_latent**2) subjectϭMID; *latent variable; *approximates the marginal odds-ratio; estimate b1_marϭexp(b1/sqrt(1ϩ0.346*sigma_latent**2); estimate c1_marϭexp(c1/sqrt(1ϩ0.346*sigma_latent**2); estimate b2_marϭexp(b2/sqrt(1ϩ0.346*(scale2*sigma_ latent)**2); estimate c2_marϭexp(c2/sqrt(1ϩ0.346*(scale2*sigma_ latent)**2); *global test for the treatment effect H0: b1ϭb2ϭb3ϭ0; contrast "H0: b1ϭb2ϭb3ϭ0" b1, b2, b3; contrast "H0: b1ϭb2ϭb3ϭ0" b1, b2, b3;
Concluding Remarks
The use of multivariate methods for the general linear model used to require complete data, and an assumption that the multiple outcomes of interest had jointly normal distributions (ie, multivariate normality). Although this restricted their application to continuous and normally distributed outcomes, the advantage of the multivariate approach was that it provided more parsimonious hypothesis tests and interval estimates than a series of univariate tests. With the development of generalized nonlinear mixed-effects regression models that can accommodate missing data under fairly general statistical assumptions, the advantages of the multivariate approach can be extended to a reduction in bias produced by missing data; as illustrated herein, these methods can be applied to outcomes measured on different scales, including a mixture of discrete and continuous outcomes.
We have presented a multivariate strategy to model mixed types of outcomes. This approach is an alternative to analyz-ing each outcome separately, which disregards the potential correlation between the outcomes and to pooling information into a composite end point, which loses information contained in the data. The data set used as an example illustrates the advantage of the latent variable model regarding the more efficient use of the data, which usually translates in smaller CIs (smaller SEs). Also, it easily accommodates the situation in which some outcomes are not observed for all patients. In such cases, modeling the outcomes separately may produce biased estimates of the regression parameters.
The latent variable approach has some disadvantages. The model is implemented only in a few statistical packages, such as MPlus 20 and AMOS. 21 Although most statistical software does not have this procedure available, a simple program can be written to provide model estimates. The latent variable model makes some assumptions that are not easily verifiable, such as the assumption that the latent variable arises from a normal distribution (although there have been some recent developments regarding this last point 22 ). Because of the frequent use of multiple outcomes in cardiology studies, however, the potential benefits in terms of increases in precision of estimation and power of testing by adopting a multivariate approach are extremely promising.
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